Data-intensive technologies such as precision agriculture require new approaches for acquisition of soil data on landscapes. We compared the ability of near infrared (NIR; 400-2500 nm) and mid infrared (MIR; 2,500-25,000 nm) spectroscopy for field-scale acquisition of soil fertility parameters. Samples were obtained in a grid pattern (25 m spacing) from the surface (0-10 cm) and sub-surface (10-30 cm) samples collected at 272 locations. Samples were analyzed for organic C and total N, texture (clay, silt, and sand), soil pH, and Mehlich I extractable Ca, K, Mg, and P. We found that chemometric analyses NIR and MIR provided good calibrations for organic carbon, total N, and soil texture. To varying degrees of precision, these regions also calibrated for pH and exchangeable Ca, Mg, and K. Exchangeable P did not form useful calibrations in either spectral region. In all cases, MIR calibrations were better than those formed in the NIR region. Test of calibrations based on one-third of the samples was used to predict the remaining samples. This demonstrated the strategy of developing field-scale calibrations for the spectral regions by chemical analysis of a small sub-set of samples for the prediction of large numbers of samples. This approach can be used to accurately map the spatial distribution of soil properties within agricultural landscapes. These studies demonstrate the utility of infrared spectral approaches for generating the spatial soil properties data needed to implement precision agriculture technology. (Soil Science 2006;171:94-102) 
S ITE-SPECIFIC management of agricultural landscapes requires data-intensive information on the spatial distribution of soil properties across toposequences found in landscapes (Hatfield, 2000; Pierce and Nowak, 1999) . The chemical/ physical analysis of the large numbers of soil samples needed for accurate information on spatial and temporal variance can be so expensive and time consuming as to place limits on degree to which such variance can be characterized (Chang et al., 1999) . For example, traditional methods for determining C in soil require either chemical oxidation, which generates wastes that incur additional costs for disposal, or combustion units, which are relatively expensive to operate and analyses are time intensive. Where there is a need for the rapid analysis of large numbers of samples diffuse reflectance spectroscopy has come to be used in similar applications (Delwiche, 2004) .
Diffuse reflectance spectroscopy offers a nondestructive means for measurement of soil properties based on reflectance spectra of illuminated soils. Both near infrared (NIR; 400-2500 nm) and mid infrared (MIR; 2,500-25,000 nm) regions have been investigated for utility in quantifying soil C (Dalal and Henry, 1986; Meyer, 1989; Janik et al., 1998; Reeves et al., 1999; McCarty and Reeves, 2000; Reeves et al., 2001; . As previously noted , the characteristics of spectra obtained in these regions vary markedly, with MIR region dominated by intense vibration fundamentals, whereas the NIR region is dominated by much weaker and broader signals from vibration overtones and combination bands. Although such divergence may be expected to have substantial influence on the ability to obtain quantitative from spectral data, both regions provide good calibrations for soil carbon. However, the MIR region provides more robust calibrations for a soil set with diverse properties . They hypothesized that apparent superior information content of the MIR when compared to NIR accounts for the more robust calibration for soil carbon.
Due to nature of diffuse reflectance spectroscopy and the statistical methods used to developed calibrations, it is generally difficult to develop so called Buniversal^calibration models that will accurately determine, for example, a particular property for all soils (Madari et al., 2005) . To help solve this problem, programs have been developed, which form unique calibrations in real time for a selected unknown sample based on its spectral characteristics and determination of similarity to known samples within a broad spectral library (Shenk et al., 2000) . In such an application, perhaps the closest 30-100 known samples, on a spectral basis, in a library containing thousands of characterized samples would be used to develop a unique calibration for the unknown sample. With respect to usage of spectral libraries, issues need to be addressed concerning stability of spectral information created by different instruments and sensitivity of the different spectral regions (i.e., NIR and MIR) to information drift when different instruments are used to generate the data (Shenk, 2004) .
Another approach negating the need for universal calibrations is to develop field-scale calibrations for a particular landscape of interest. In this approach, a sub-set of samples would be analyzed for the chemical/physical properties and the resulting calibration could then be applied to a much larger set of spectral measurements taken to accurately measure the spatial and/or temporal variability within the landscape. Within a landscape, soil properties can be more highly intercorrelated (Moore et al., 1993; Gessler et al., 2000) and more so than what may be expected among the general soil population. Therefore surrogate properties detectable in the spectral data (e.g., mineralogy) that are highly correlated to the property of interest can be reliable predictors of properties without strong spectral signatures. However, caution would be required because calibration development based on landscape sampling may result in types of calibration that will work well on one landscape and not another or not in a general population of soil samples. In this way, field-scale calibrations can become highly specialized and more diverse for the landscape of interest. We report testing of the use of field-scale calibrations for assessment of the spatial structure of soil properties over an agricultural landscape.
MATERIALS AND METHODS

Chemical and Physical Analyses
Soil samples were collected on a 25-m grid spacing from a 20-ha agricultural field located within a small first-order catchment at the Beltsville Agricultural Research Center, Beltsville, Maryland (McCarty and Ritchie, 2002) . A total of 272 locations were sampled at 0-10 cm (surface) and 10-30 cm (sub-surface) depth intervals resulting in 544 soil samples. These samples were air-dried and then crushed before storage in bulk form. Sub-samples were oven dried and ground by roller mill for 24 h before analyses for C and N by dry combustion (Leco CNS 2000, St. Joseph, MI). Particle size analyses were performed by sedimentation and use of a hydrometer (Gee and Bauder, 1986) . Mehlich I extracts (Amacher, 1996) were performed by the state of Maryland Soil Testing Laboratory (University of Maryland, College Park, MD). Detection of extracted nutrients was performed by colorimeter for P (Kuo, 1996) and atomic absorption spectrometry for Mg, K, and Ca (Wright and Stuczynski, 1996) . Soil pH was determined in 1:1 soil suspension in water (Thomas, 1996) .
Spectral Measurements
All samples (air dried and ground) were scanned in the NIR using a NIRSystems model 6500 scanning monochromator (Foss NIRSystems, Silver Spring, MD) equipped with a rotating sample cup module. Samples were scanned from 400 to 2498 nm with 64 co-added scans taken per sample. Spectra were computed as log (1/Reflectance) using a ceramic reference for the background spectra. With standard operation of the instrument, spectra were collected from 400 to 1098 nm using a Si detector and from 1100 to 2498 nm using a PbS detector with data collected every 2 nm for a total of
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1050 data points per spectra at a nominal resolution of 10 nm. The samples were scanned in the MID from 4000 to 400 cm j1 (2,500-25,000 nm) at 4-cm j1 resolution with 64 co-added scans per spectra, on a DigiLab FTS-60 Fourier transform spectrometer equipped with a custom-made sample transport, which allowed a 50 Â 2 mm area sample to be scanned (Reeves, 1996) . Absorbance spectra were collected as log (1/Reflectance) using KBr for the background reference.
Calibration Development and Summary Statistics
All calibration models were developed using partial least squares regression (PLS) using Galactics PLSPlus running under GRAMS/32 (Galactic Industries, Salem, NH). The number of PLS factors to be used was determined using the F test from the predicted residual sums of squares error from a one-out cross-validation analysis (Massart et al., 1998) . Using the recommended number of factors, a final calibration was developed and used to predict all the samples in question. All appropriate data available were used in development of calibrations. The number of samples that for these calibrations ranged from 544 (C, N, etc.) to 374. For the extractable nutrient contents (Ca, K, Mg, and P), only 374 samples that were accurately determined were used. This sub-set was due to the fact that the soil test values for these nutrients exceeded the limits of calibration and therefore were reported as a single maximum value. In addition, only 529 samples of the total set were available for particle size analysis.
The one-out cross-validation procedure involves removal of each sample from a set and development of a calibration equation from that set with prediction of the value for the removed sample (Massart et al., 1998) . This process is repeated for each member of the set resulting in the generation of a prediction set where each member has been treated as being independent of a calibration set. Cross-validation analysis provides information on robustness of calibration.
In an effort to determine the best method for calibration development, initial calibrations were developed using spectra either mean centered and variance scaled or multiplicative scatter corrected. In addition, varieties of first and second derivatives with different gaps were tested. The best equation from these efforts was then chosen based on the residual mean squared difference error (RMSD). Every four data points were averaged, and for NIR spectroscopy only data from 1100 to 2498 nm were used in calibration development (175 final data points). This was done after initial tests indicated no advantage was acquired in either using all data points from 1100 to 2498 nm (n = 700) or in including the 400-1098 nm spectral range in calibration development. In the case of MIR spectroscopy, every four data points were averaged and only data from 3750 to 450 cm j1 were used in calibration (175 final data points). This was done after initial tests indicated no advantage was acquired in either using all data points from 3750 to 450 cm j1 (n = 1712) or in including the 4000-3750 and 450-400 cm j1 spectral ranges for calibration development.
Development of Field-Scale Calibrations
We tested the concept of generating fieldscale calibrations based on chemical analyses of a sub-set of samples to from the calibration set used to predict content in remainder of samples. The calibration set was formed by randomly selecting one-third of the samples from the set of samples with valid analytical results. The resulting calibration was then used to predict the remaining portion of samples (two thirds) within each set. Spatial statistics were performed (using GS+ geostatistics software; Gamma Design Software, Plainwell, MI) on the predicted data and kriged to form a spatial map of soil properties. The maps of soil properties predicted from spectral data were compared to maps generated by kriging the data set for actual chemical analyses of the entire sample set.
RESULTS AND DISCUSSION
The composition of the sample set used in full calibration development is presented in TABLE 3 Comparison of prediction statistics for soil properties based on NIR (400-2500 nm) and MIR (2,500-25,000 nm) calibrations developed from one-third of samples that were excluded from the prediction set Table 1 . The data showed that with the exception of the measures of pH and soil texture (clay/ sand/silt), the ranges of values found varied generally about 6-fold to 8-fold (or more), which provide good ranges in soil properties for calibration development. These ranges are also indicative of the substantial spatial variability within the sampled site. Table 2 shows a visual comparison of the calibration statistics for NIR and MIR spectral regions. The results showed that the MIR region consistently outperformed the NIR in calibration development based on R 2 and RMSD for the soil properties studied. The superior performance of MIR is consistent with results for soil carbon measurements reported by , which were based on soils collected over a large geographic region in west central United States. The diversity of mineralogy in that soil set was much greater than that found within the landscape sampled within this study. We hypothesized that superior information in the MIR region permitted more robust calibrations for diverse soil samples. The results reported here indicate that the advantages of the MIR region soil property calibrations also hold for less diverse soil sets. The RMSD values reported here for the full calibration of organic carbon are substantially Fig.1 . Maps of the spatial structure for soil organic C, total N, and pH produced from measured values as well as predicted from MIR (2,500-25,000 nm) and NIR (400-2500 nm) spectral data.
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MCCARTY AND REEVES SOIL SCIENCE lower than those reported in the regional samples (NIR RMSD = 6.0, MIR RMSD = 2.6; ; however, the range in organic C contents was substantially larger (0.23-98 g C/kg) than that involved with this study (Table 1) . On average, for all soil properties studied (Table 2) , there was 24% reduction in RMSD values by use of the MIR region for calibration model development relative to that of NIR (range of reduction, 10-40%). The average RMSD values for the one-out validations were consistently, but not substantially higher than those of full calibration for both MIR (9.6% higher) and NIR (9.0% higher) regions. These results indicated that consistent calibrations were generated even though the calibration results for properties such as extractable P ranged from poor to very poor within the one-out validation test. Both spectral regions produced spectral outliers with no consistent trend on differences between regions (Table 2) . To further test the concept of developing a field-scale calibration for spatial/temporal monitoring of landscapes, we randomly selected onethird of the samples for development of the calibrations and then used such calibrations to predict the remaining samples (Table 3) . These results showed a consistent trend of better predictions using the MIR calibrations when compared to NIR. Some of the calibrations such Fig. 2 . Maps of the spatial structure for Mehlich I extractable Ca, K, and Mg produced from measured values as well as predicted from MIR (2,500-25,000 nm) and NIR (400-2500 nm) spectral data.
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as MIR for soil C showed very little loss compared to the corresponding full calibration, whereas others such as extractable P were substantially degraded in both spectral regions. The calibration for extractable K was also markedly degraded in the NIR region but to lesser extent in the MIR region. The resulting field-scale calibration for soil P was degraded to a point where it was considered useless for spatial modeling of soil properties. Figures 1-3 demonstrate the degree to which the field-scale calibrations shown in Table 3 can be used to extrapolate chemical/physical properties of soil to a landscape by use of NIR and MIR spectral data. Properties such as soil C and N are highly reproduced by the extrapolation when compared to spatial structure estimated by kriging of actual C and N measurements. It is evident that as the calibration statistics degrade (Table 3) , so does resolution of spatial structure. The general patterns of distribution of soil properties remain similar but high and low values for the property degrade with substantial degradation in the calibration. For example, this effect becomes evident in extrapolation of extractable Ca, K, and Mg measurements by use of MIR spectral data (Fig. 2) . And to the extreme, calibrations based on NIR spectra become marginal to useless for properties such as extractable K and Mg.
For properties that calibrate strongly in the MIR and NIR regions, the fidelity of spatial Fig. 3 . Maps of the spatial structure for soil texture (clay, silt, sand) produced from measured values as well as predicted MIR (2,500-25,000 nm) and NIR (400-2500 nm) spectral data.
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MCCARTY AND REEVES SOIL SCIENCE structure is extremely strong to that predicted by actual chemical/physical measurements. Clearly, the limiting factor in estimating the true spatial structure of soil properties is dependant on the number of measurements made in space rather than accuracy of prediction by calibration models. Diffuse reflectance spectral techniques offer opportunity for conducting intensive spatial sampling. The field-scale calibrations used in this study were generated by random selection of one-third of samples. Another approach is the use of spectral information to select the set of most spectrally diverse samples within the collection. This approach would help maximize the range of spectral variance of soils within the landscape that is included in the calibration set. Such an approach may reduce the possibility of unknown samples representing spectral outliers as a result of limitations in the calibration set. A sample becomes flagged as a spectral outlier when calibration model generates a modeled spectrum that does not sufficiently fit the actual sample spectrum and may be indicative of a sample with properties divergent of the calibration set. Concentration outliers can also occur where the predicted sample concentration is outside of the range in the calibration set. In this case, a possible strategy would be to have chemical/physical analysis performed on the outlier and improve the range of the calibration set by its addition as a known sample. This strategy would improve future spatial/temporal monitoring of the landscape.
CONCLUSIONS
This study demonstrates the utility of diffuse reflectance spectroscopy for acquisition of spatial data at the field/landscape scale. Chemical/ physical measurements of a select group of soil samples collected from the area of interest can readily be extrapolated to the landscape by use of spectral data. We found that MIR spectra generally produced better calibrations than those of NIR. This effect becomes stronger for soil properties that only weakly calibrate in the infrared region.
